The optimum selection of process parameters has played an important role for improving the surface finish, minimizing tool wear, increasing material removal rate and reducing machining time of any machining process. In this paper, optimum parameters while machining AISI D2 hardened steel using solid carbide TiAlN coated end mill has been investigated. For optimization of process parameters along with multiple quality characteristics, principal components analysis method has been adopted in this work. The confirmation experiments have revealed that to improve performance of cutting; principal components analysis method would be a useful tool.
Introduction
In the world of machining and especially in manufacturing of mould and die components, machining of hardened steel is a vital area for today's scientific research. Mould and die manufacturers prefer this material due to retention of its high strength and good wear resistant property at elevated temperatures. But from mould and die manufacturer's point of view, prime necessity is to reduce machining lead time, improve the quality, and reduce cost of production. For machining of hardened steel, the preferred metal cutting process is end milling. This process is characterised by high metal removal rate, better dimensional accuracy and better surface finish. In practice optimization of every machining process parameter is usually difficult; because it requires simultaneously both machining operation experience and knowledge of mathematical algorithms. The problem of optimization in milling process is complex in nature as multiple objectives and number of constraints has to be considered simultaneously. Moreover, the process planner in practice face problem of optimizing cutting parameters simultaneously for number of mutually conflicting objectives such as machining time, flank wear rate, surface roughness, etc. Considering this fact process parameter optimization in end milling becomes a multi-objective type of problem. This paper deals with the application of principal components analysis (PCA) method to study the effect of process parameters simultaneously on the performance characteristics during end milling of AISI D2 steel. The results obtained reveals that the surface finish obtained on AISI D2 hardened steel using the proposed approach is close to surface finish in grinding. This leads to elimination of grinding operation after the end milling operation.
Literature review
Traditional and non-traditional methods have been applied by various researchers for optimization of process parameters in milling. Traditional methods such as scatter search (Krishna et al., 2006) , sequential quadratic programming (Othmani et al., 2011; Shie, 2006) dynamic programming, and method of feasible directions (Othmani et al., 2011) have been employed to the optimization of milling process. However, these methods tend to obtain a local optimum solution and are not suitable for solving complex multimodal problems. Hence, the researchers are now employing non-traditional methods of optimization for solving this class of problems. It is revealed from the literature that researchers had attempted single objective optimization of milling process parameters to achieve desired effects like surface roughness, production rate, machining time, production cost, tool life, and cutting force. Various methods attempted by the researchers for minimization of surface roughness include genetic algorithm (Brezocnik & Kovacic, 2003; Corso et al., 2012) , simulated annealing (Corso et al., 2012) , and particle swarm optimization (Prakasvidhisarn et al., 2009) . The attempts are also made by researchers to maximize the production rate (or minimize machining time) using genetic algorithm (Aggarwal & Xirouchakis, 2012) , simulated annealing (Rao & Pawar, 2010) , artificial bee colony (Rao & Pawar, 2010) , particle swarm optimization (Rao & Pawar, 2010; Gao et al., 2012) , harmony search algorithm (Zarei et al., 2009) , cuckoo search algorithm (Yildiz, 2012) , and teaching learning based optimization algorithm (Pawar & Rao, 2013) . Considering cutting force as an objective, researchers employed particle swarm optimization (Farahnakian et al., 2011) , for optimization of milling process parameters. Multiobjective optimization for milling process is attempted by researchers using posteriori approaches namely non-dominated sorting genetic algorithm (NSGA) (Wang et al., 2006 ) and multi-objective particle swarm optimization (MPSO) (Yang et al., 2011) .
Although, these methods are successful to determine global optimal process parameter combinations in milling process; their success mainly depends on the accuracy of the mathematical model, and also these methods provide open ended solutions. Hence, in such cases statistical optimization methods may work better. Few researchers tried optimization of surface roughness as a response using grey relational analysis (Yang et al., 2006) and response surface method (Routara et al., 2009) . However, it is observed that multi-objective optimization is mostly attempted by earlier researchers using statistical optimization methods. Using response surface method, Premnath et al. (2012) studied the effect of cutting force on the surface roughness simultaneously. Tool life and surface roughness were optimized simultaneously using grey Taguchi method by (Tsao, 2009 ). Tosun and Pihtili (2010) applied grey relational analysis optimization technique during face milling of 7075 aluminium alloy. Lu et al. (2009) attempted simultaneous optimization of tool life and production rate in end milling operation. Gopalsamy et al., (2009) considered multi-objective optimization aspects of milling process with surface roughness, tool life and machining time as objectives. AISI D2 is an air hardening, high-carbon, high-chromium tool steel. It has high wear and abrasion resistant properties. It is heat treatable and will offer a hardness in the range 55-62 HRC, and is machinable in the annealed condition. These properties of AISI D2 steel makes it suitable for wide range of applications in the area of tool and die manufacturing. Hence, various researchers have contributed and studied the characterization of AISI D2 tool steel in different environments. The effect of laser parameters such as laser power, speed of workpiece and spot size on tempering depth and hardness value of AISI D2 steel were experimentally investigated by Hindus et al. (2014) . Conci et al. (2014) studied the effect of nitrogen potential on the micro-abrasive wear resistance of AISI D2 tool steel. During hard turning of AISI D2 steel using coated carbide insert, the surface roughness analysis was carried out by Srithar et al. (2014) . An experimental study was conducted by Cho et al. (2014) in-order to investigate the surface hardness enhancement of AISI D2 steel by ion nitriding through atomic attrition. Hullapa et al. (2013) explored the use of Magnetic Barkhausen Noise (MBN) to monitor the transformation of austenite to martensite during cooling to sub-zero temperatures. Oliveira et al. (2010) exhibited production and characterization of boride layers on AISI D2 tool steel by thermochemical boriding treatments performed in borax bath. Experimental investigations for machinability during hard turning of AISI D2 cold work tool steel with conventional and wiper ceramic inserts was conducted by Gaitonde et al. (2009) . Response surface methodology (RSM) based mathematical models were developed to analyse the effects of depth of cut and machining time on machinability. The quantitative evolution of the residual stress states in surface layers of an AISI D2 steel treated by low energy high current pulsed electron beam was examined by (Zang et al., 2013) using X-ray diffraction technique.
It is thus revealed from the literature that substantial research has been carried out to investigate optimum cutting parameters in end milling. However, very few researchers have attempted to optimize the cutting process parameters using multi-responses simultaneously using principal components analysis. With this understanding, in this study PCA is applied for simultaneous optimization of three important performance measures of the end milling process, which has not been attempted so far by earlier researchers.
Principle component analysis
Initially, this technique has been applied to quantify and identify phenomena in social sciences in which it was difficult to directly measure the phenomenal changes. PCA is useful in reduction of data and interpretation of multi-objective sets of data. Currently PCA is finding wide applications in various scientific fields. In this mainly the focus is on correlation analysis of inter-object using linear combinations for each performance measure. To determine optimal combinations during end milling, the algorithm of principal components analysis is given below:
Step 1: Convert the experimental data in to signal-to-noise ratio:
Step 2: Normalize the signal-to-noise ratio:
Step 3: Represent the multi-responses by matrix:
Step 4: Evaluate the correlation coefficient array:
where, ( ( ), ( )): the covariance of sequences ( ) and ( ); ( ): the standard deviation of sequence ( ); ( ): the standard deviation of sequence ( ).
Step 5: Calculate the eigenvalues and eigenvectors:
Step 6: Obtain the principal components:
Step 7: Calculate the Total Principal Component Index:
where, 
Step 9: Calculate the combined objective function (COF):
= ℎ ℎ ℎ = 1,2, … , ; and is the number of quality characteristic = � ℎ ℎ
Step 10: Perform the statistical analysis of variance (ANOVA).
Step 11: Conduct the confirmation run.
Experimental Design
In the present study of end milling, the three quality characteristics selected are machining time, flank wear rate, and surface roughness. These three are directly related to quality of the product and the cost. Control factors and levels have been selected from the machining data handbook (Zhuzhou Co. Ltd., 2011) and are shown in Table 1 : The matrix experiments using orthogonal arrays were performed in up-milling mode without any cutting fluid. The factor effects of each level of each control factor can be determined by using the orthogonal arrays. For four factors with three levels L9 array should be used; however, in our study using PCA for multi-objective type of problem, to get into details in the experiment variation, 27 experiments are performed. To eliminate some of the invisible factors that might contribute to the measured variables, each experiment was performed three times in a random sequence. The workpiece was clamped rigidly on dynamometer which is mounted on table of the machine and a fixed overhang length of 25 mm was selected for the tool. The workpiece was continuously cut for a length of 375 mm, with an approach distance and over travel distance of 5 mm, in each pass in order to minimize tool jerks during the physical contact with the workpiece. The complete experimental setup is shown Fig. 1 . The cutting time was recorded using the stop watch and tabulated in Table 2 . The surface roughness measurements using R-200 series portable surface analyzer was carried at the end of each experiment. The milled surface being anisotropic in nature, the surface roughness measurement was taken at three fixed points; the first point was in the middle and the other two points on the edge of each milled surface. The mean of three surface roughness readings was recorded in Table 2 . To observe and measure the maximum flank wear of the end cutting edges, Nikon microscope with a magnification of 100X was used. The flank wear during each experimental run is shown in Fig. 2 .
Experimental results and discussion
In this section the detail procedure to find optimal combinations of the process parameters using principal components analysis is discussed.
Optimal Combination of Process Parameters
The results are shown in Table 2 . In the experiments, machining time, flank wear, and surface roughness are considered as quality characteristics. These quality characteristics are continuous and nonnegative, and can be recognized as the smallest-the-better type. The results are substituted into Eq.
(1) to obtain the S/N ratios of machining time, flank wear rate and surface roughness. Usually, larger the signal-tonoise ratio, better is the quality characteristic. The calculated S/N ratios are normalized using Eq. (2) and are shown in Table 3 .
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Obtaining the Principal Components
Principal components analysis is a technique used to transform the correlated variables into linear combinations of uncorrelated variables, which account for most of the variance in the original set of observations. The basic purpose of PCA is to determine the principal components. If the number of linear combinations obtained are n, then the number of principal components formed will be less than or equal to n. With reference to Table 3 and Eq. (6) The present work deals with three responses and therefore, three principal components PC1, PC2, and PC3 are determined. The corresponding values are included in Table 4 .
Calculating Total Principal Component Index (TPCI)
To obtain best optimal combination of factors/levels, TPCI is calculated using Eq. (7) and Eq. (8). Thus, TPCI for experiment number 1 is calculated as:
All the calculated TPCI values are shown in Table 4 accordingly.
Generate Response Table for Selection of Optimum Parameters
After calculating the TPCI's for all the experimental run, the next step is to construct the response table.
As an illustration in order to calculate the response value for factor A at level 1, using Eq. (9) we get, 
TPCI

Milling parameter levels
Using this method of calculation the remaining response values corresponding to the factors and their respective levels are determined. The maximum value of TPCI corresponding to each factor gives the predicted optimum factor level. Fig. 3 shows response graph of TPCI. From response graph best combination consist of the set: A3 (spindle speed with 120 m min -1 ), B3 (feed rate with 0.05 mm tooth -1 ), C3 (radial depth of cut with 0.5 mm), and D3 (axial depth of cut with 0.7 mm).
The combined objective function (COF) for all the quality characteristics is calculated using Eq. (10) by assigning the equal weights of 0.33 for each quality characteristic. Table 4 shows the COF values for all the experimental runs.
Analysis of Variance
To identify significant factors which influence on performance measures, the ANOVA is carried out for COF and the results are given in Table 5 . The significant levels (for α = 0.05, at 95% confidence level) for each source of variation, associated with the F-test are also shown in Table 5 . From the principal of F-test, if F is larger for a specific parameter, the effect on the performance characteristics is greater. In our case from ANOVA table, for feed (factor B), the F value is the largest with a total contribution of 80.61 %; which clearly justifies the major effect on the performance measures such as surface roughness, machining time, and flank wear rate. Cutting speed (factor A) was the second significant factor with 5.00 % contribution. The contribution of radial depth of cut (factor C) was 2.50 %, and the contribution of axial depth of cut was found to be 2. 41 %. The contribution due to error was small and clearly signifies that, important factor has not been omitted and high measurement error was not involved. 
Confirmation Tests
The results of confirmation experiments using the optimal parameters (A3B3C3D3) obtained by PCA with the initial setting level are shown in Table 6 . It has been observed that there is a considerable improvement in the results, due to the application of PCA for optimizing all the three responses simultaneously. As shown in Table 6 , for the problem under consideration, the machining time is constant for the cutting length of 325 mm. The flank wear is decreased from 0.033 mm to 0.010 mm and the surface roughness is decreased from 0.635 µm to 0.180 µm. Through confirmation tests, it is revealed that the results obtained using the proposed approach shows significant improvement over the existing approach.
Conclusions
The application of principal components analysis is an approach for optimization of the cutting process parameters during end milling of AISI D2 hardened steel, using 4-flute flattened solid carbide TiAlN coated end mill with straight shank. Based on the results following conclusions can be drawn:
a) The optimal combination (A3B3C3D3) of the cutting parameters using PCA, as shown in Fig. 2 is the set with; cutting speed (120 m min -1 ), feed (0.05 mm tooth -1 ), radial depth of cut (0.5 mm), and axial depth of cut (0.7 mm). b) The corresponding confirmation test shows 70 % improvement in flank wear rate, and 72 % in surface roughness. The overall improvement considering all three objectives is 68 % over existing parameter setting recommended in the machining data handbook. c) From this study the surface roughness (Ra) value of 0.180 µm obtained during end milling of AISI D2 hardened steel material, based on PCA methodology is acceptable to the mould and die manufacturers. Thus, it is likely that it may be possible to eliminate the grinding operation often carried out after end milling operation. d) The parameters and their levels considered shows highest effect on flank wear (VB) with 43.6 % weightage, 32.6 % weightage for machining time (tm) and 23.7 % weightage for surface roughness (Ra). e) The results of optimization obtained by the proposed approach provide a ready reference to tool manufacturers as well as to the operators.
It can be concluded that the PCA method is very suitable for solving the flank wear and surface roughness quality problems in milling hardened steel. The cutting forces generated during machining process are important parameters which reflect the machining condition; the cutting forces measured during the experimental run may be helpful in predicting the cutting forces for tool condition monitoring system for future work.
